Introduction {#s0005}
============

Studies that extend across multiple life stages promote an understanding of the factors that influence health across the life span ([@bib17]). A growing literature has examined not only the individual-level socioeconomic factors in early life that influence health outcomes ([@bib30], [@bib42], [@bib47], [@bib56]), but also the influence of place. Studies in the U.S. have found that a person׳s state or region of birth is associated with later life development of cancer, dementia, diabetes, heart disease, and other illnesses ([@bib22], [@bib31], [@bib33], [@bib46]). Fewer have examined the specific *characteristics* of early life state-of-residence that are predictive of adult health, although one recent study found small associations of state socioeconomic characteristics with chronic disease during working life ([@bib520]).

Prior work has suggested multiple types of trajectories through which early life factors may influence health and mortality in later life ([@bib12]). "Critical period" and "sensitive period" models assume that an exposure in a time window during fetal life or childhood alters an individual׳s health trajectory early on ([@bib11]). "Accumulation of risk" models suggest that correlated or uncorrelated exposures across the life course interact additively or synergistically to bring about later disease. Meanwhile, "chains of risk" models hypothesize that initial adverse exposures bring about disease in later life because they increase the risk of additional adverse exposures throughout life ([@bib12]).

Adverse exposures have been conceptualized not only in terms of chemical or metabolic risk factors, but also social factors ([@bib36]). Numerous studies have begun to examine how early and later life socioeconomic status (SES) interact, and systematic reviews have suggested that childhood SES may be as important in determining later life cause-specific mortality and cardiovascular disease as adulthood SES, depending on the disease process and contextual factors ([@bib27], [@bib28]). In general, however, a life course perspective is not frequently applied, and researchers have recently called for increased attention to how socioeconomic exposures are "sustained, exacerbated, or attenuated over time" ([@bib19]).

Moreover, most studies focus on individual-level socioeconomic factors, with less attention to the ways in which contextual factors interact across the life course. For example, area-level socioeconomic factors during childhood may influence educational and economic opportunities or may be associated with poorer housing and environmental conditions ([@bib10]). With regard to macro-level factors that differ across states and countries, differences in social and economic policies may affect how well the safety net buffers vulnerable individuals from adverse conditions ([@bib20], [@bib25]).

In this study, we build upon this prior literature by examining how state characteristics in early life predict health status and mortality decades later ([Fig. 1](#f0005){ref-type="fig"}). We use composite indices representing socioeconomic characteristics of early state-of-residence as the predictors of interest. We take advantage of multiple large linked data sets among a cohort of U.S. workers, employing in-sample and out-of-sample models to strengthen results. We adjust for potential mediating individual- and area-level factors during adulthood, testing the hypothesis that early life state environment remains important even after controlling for socioeconomic factors during adulthood.Fig. 1Conceptual Model: State-of-Residence and Health over the Life Course Note: This figure illustrates hypothesized pathways linking childhood state-of- residence with adult health and mortality. While family socioeconomic status (SES) during childhood has been strongly linked with childhood *neighborhood-* of-residence, it is less likely that it confounds the relationship between childhood *state*-of-residence and adult SES.Fig. 1.

Methods {#s0010}
=======

Data set {#s0015}
--------

The sample included individuals who were ever employed at Alcoa, a large multi-site U.S. manufacturing firm. The data set was constructed by linking administrative, personnel, and medical claims files for employees who worked at least one day since January 1, 1986, which is the earliest that data are available. These data have been made available to researchers through an ongoing collaboration between the firm and the investigators, and they have been described in detail in prior work ([@bib501]). While this sample is not nationally representative, it is nevertheless demographically and geographically diverse, with extensive available data that enhance the potential to create data linkages across the life span.

Early life state-of-residence was imputed for each individual using the first three digits of his or her Social Security number, a technique commonly implemented based on the fact that these digits differ according to the state in which the Social Security card was issued ([@bib14], [@bib50]). Less than 1% were missing information on early life state-of-residence, resulting in a sample size of 143,755 that included individuals from all 50 states and the District of Columbia.

Outcomes {#s0020}
--------

The first outcome examined was an objective measure of health status determined administratively using claims data. This measure was calculated for individuals based on their International Classification of Diseases (ICD) and Current Procedural Terminology (CPT) codes, and health utilization from the prior year. A score of 1 indicates that an individual׳s health expenditures are likely to fall at the mean in the following year relative to a nationally representative population; each unit increase indicates a one-fold greater value than the mean. This measure was calculated using a proprietary algorithm originally developed as a medical management tool to forecast expenditures and health utilization, based on Diagnostic Cost Group Hierarchical Condition Category (DxCG-HCC) models ([@bib57]). However, this measure is increasingly being used in epidemiologic and health services research as a marker of objective overall health ([@bib26]; [@bib505]; [@bib37]; [@bib511]; [@bib512]), and has previously been shown to predict short- and long-term disease outcomes and mortality ([@bib507]). In particular, it is valuable for studies such as this one that rely on secondary data sources in which self-reported health is not available. In fact, prior studies have shown that claims-based measures of objective health status are highly correlated with self-rated health, lending credence to their use as a measure of overall health ([@bib24], [@bib58]). Because of the right-skew of this variable, the natural logarithm was taken, i.e., log(health).

In this sample, all individuals were covered by similar insurance plans with comprehensive benefits, reducing bias due to differences in insurance coverage. For analyses using this outcome, the sample was restricted to those for whom claims data were available in 2004; this was the year in which the largest number of individuals was employed at Alcoa, maximizing the sample size of those for whom the objective health status could be calculated in a given year. Additionally, we restricted the sample to those who were less than 65 years old in 2004, to exclude those individuals for whom we might not have full claims data due to their utilization of Medicare for insurance coverage. The resulting sample size for these analyses was 55,436.

The second outcome was mortality. This was obtained by linking our sample with the Social Security Administration׳s Death Master File ([@bib55]). This included deaths through September 2011, including individuals no longer employed at Alcoa. Remaining individuals were censored after this date. The number of deaths was 9678, and these analyses employed the full sample of 143,755 individuals. The average age of death was 66.9 (SD 13.6).

Construction of predictive risk scores {#s0025}
--------------------------------------

We constructed two composite variables representing the "state health risk score" and "state mortality risk score" of an individual׳s early life state-of-residence using a predictive algorithm. Conceptually, each of these variables is intended to represent the degree of socioeconomic disadvantage in a state that may lead to worsened health and greater mortality. To construct these, we first collected data on six state characteristics available in U.S. Census data that represent socioeconomic conditions in an individual׳s early life state-of-residence. These included state unemployment rate, median income in year 2000 dollars, percentage with less than a high school education, percent urban, percent of the population that was white, and Gini coefficient to capture income inequality. As these variables are collected by the Census every 10 years, and because Social Security cards during this period were typically issued at the time of first employment, each individual was linked to the Census variables in the decade in which he or she turned 15 years old. For example, someone born in 1929 was 15 years old in 1944, and would therefore be assigned the Census variables collected in 1940. Each of these variables was standardized with a mean of zero and standard deviation of one, to allow for comparability across measures. The Pearson׳s coefficients for the pairwise correlations between these variables ranged from 0.02 to 0.87.

In models for each outcome, four out of the six state characteristics were statistically significantly associated with each of the outcomes at a p-level of 0.05 ([Supplemental Table 1](#s0100){ref-type="fn"}). Yet the characteristics that were associated with worsened health or greater mortality were not necessarily those that one would expect *a priori*. This is consistent with findings from previous work ([@bib520]), and suggests that these variables may be markers or surrogates of unobserved underlying characteristics of states, such that a causal interpretation should not be applied. Based on this previous work, we therefore chose to construct the composite variables as described above rather than interpreting each characteristic׳s coefficient individually. Yet developing a composite index in a given data set and then applying this index within the same data set may result in over-fitting of the model to the data; to avoid this, we therefore used a random 30% training subset as described below to construct an *a posteriori* measure of state health or mortality risk for the remaining 70% of the sample. Using very large data sets may also result in over-powered analyses, exacerbating the problem of over-fitting the model to the data ([@bib41]). Cross-validation can often address this problem, testing whether a model fit on a random subset of a data set (i.e., the "training set" or "in-sample" group) produces similar results when applied to another subset of the data that was not used in the initial model (i.e., the "test set" or "out-of-sample" group) ([@bib29]). Intuitively, this is akin to performing an additional study in a separate sample to confirm results. Random subsetting of the data set can be accomplished using any statistical programming package, and in this case was done in Stata MP version 14 (College Station, TX).

Consequently, we used these six standardized Census measures as independent variables in a multivariate linear regression model predicting an individual׳s log(health) among a random 30% of the sample, the training set. This is shown in Eq. [(1)](#eq0005){ref-type="disp-formula"}, in which the variables are indexed by individual (i), state (s), and Census decade of birth (t).$$\log\left( {Health}_{ist} \right) = \beta_{0} + \beta_{1}{Unemp}_{st} + \beta_{2}{Inc}_{st} + \beta_{3}{Educ}_{st} + \beta_{4}{Urb}_{st} + \beta_{5}{White}_{st} + \beta_{6}{Gini}_{st}{+ \varepsilon}_{ist}$$

We then used the predicted coefficients from this model to predict a "state health risk score" (SHRS) for the remaining 70% of the sample, the test set. The value of this SHRS essentially represents the predicted value of the outcome for individuals in the test set -- i.e., $\hat{log(Health)}$ -- based on the coefficients from the training set model, with higher levels of the index predicting worsened health status. We then repeated this procedure with mortality as the outcome using a Cox proportional hazards model to produce a "state mortality risk score" (SMRS), in which higher values are predictive of greater mortality. This strategy, in which the risk scores are predicted using a subset of the data and then employed in a separate subset, is a form of internal validation of our model. This reduces the chance that our findings are due to over-fitting of the model to our data, although it is not as ideal as external validation on an entirely separate sample ([@bib1]).

For the six Census measures that were used to construct the SHRS and SMRS, the Cronbach׳s alpha was 0.80 in the health sample and 0.74 in the mortality sample. This indicates an acceptable level of internal consistency between these variables, suggesting that they are likely capturing the same construct. Similar composite indices have been used in previous studies to capture area-level socioeconomic disadvantage ([@bib39], [@bib43]).

Covariates {#s0030}
----------

Individual-level covariates included gender and race (white, black, Hispanic, other). To flexibly adjust for age in the log(health) models, we also controlled for age and age-squared; in the mortality models, we controlled for 10-year birth cohorts.

As described below, we conducted secondary analyses that adjusted for specific adulthood SES measures representing potential mediating pathways ([Fig. 1](#f0005){ref-type="fig"}). The first of these was an individual׳s employment status, dichotomized as hourly or salaried. At Alcoa, hourly workers are more likely to have lower educational attainment than salaried workers. The second adulthood SES measure was an indicator variable representing the individual׳s state-of-residence during work life, which was determined based on the location at which he or she was employed while at Alcoa.

Data analysis {#s0035}
-------------

### Primary analyses {#s0040}

The following analyses were conducted in the 70% test subset of the sample. First, we carried out multivariate linear regressions with log(health) as the outcome, controlling for gender, race, age, and age-squared (Eq. [(2)](#eq0010){ref-type="disp-formula"}). For mortality, we conducted Cox proportional hazards models, controlling for gender, race, and 10-year birth cohorts, with age as the baseline hazard. These are referred to as Model 1 in the accompanying tables.$$\log\left( {Health}_{ist} \right) = \alpha_{0} + \alpha_{1}{SHRS}_{st} + \alpha_{2}{Gender}_{i} + \alpha_{3}{Race}_{i} + \alpha_{4}{Age}_{i} + \alpha_{5}{Age}_{i}^{2}{+ \varepsilon}_{ist}$$

To adjust for possible mediating pathways, we then carried out two additional analyses. In the first, we added employment status to Model 1 above (Model 2). Next, we added indicator variables representing state-of-residence during work life (Model 3). The assignment of both employment status and state-of-residence during work life occurred temporally prior to the assessment of the health outcomes.

In all models, standard errors were clustered by early life state-of-residence and were calculated using the Huber-White sandwich estimator to be robust to heteroskedasticity. We also carried out a complementary analysis using multi-level models with random intercepts for childhood state-of-residence. For the Cox model, this was implemented with a shared frailty model with gamma distribution ([@bib34]). The full results from these models are presented in the Supplement and described in the Results section. For multi-level models, we did not carry out Model 3, which included indicator variables for state-of-residence during work life. The large amount of overlap between early and work life states-of-residence and the large number of parameters in these models prevented them from converging.

### Sensitivity analyses {#s0045}

We conducted a set of sensitivity analyses comparing those whose early life and work life states-of-residence differed (i.e., "movers," about a quarter of the sample) with those whose states-of-residence did not differ (i.e., "stayers"). To do so, we ran Models 1--3 including an interaction term representing moving status. Outcomes among movers may be expected to differ from stayers due to differences in health status, personality, opportunity, or other factors ([@bib15], [@bib40], [@bib52]).

To test whether the association between early life state characteristics and overall health became diluted with age, we carried out the analyses for Model 1 after first stratifying the sample by age group (\<46, 46--55, and \>55 years).

Another possible mediating pathway between childhood SES and adult health is an individual׳s income during adulthood. We were able to observe an individual׳s wages, obtained from his or her W-2 forms each year, although this was only available for individuals employed during 2002--2012. This resulted in a smaller sample for the analyses of health (*N*=48,380) and mortality (*N*=93,646); the number of deaths was 1945, and the mean age of death was 55.8 years. In this restricted sample, we again constructed state health and mortality risk scores. We then conducted Model 1 as described above, and again sequentially added covariates representing wages (Model 2), employment status (Model 3), and work state indicators (Model 4). For analyses examining objective health status, we included wages from 2004. For analyses examining mortality, we took the average of an individual׳s wages from his or her employment at Alcoa during 2002--2012. Given the right-skew of this variable, the natural logarithm was taken, i.e., log(wages). We again tested whether there was a difference among movers and stayers. For mortality, these analyses should be interpreted with caution given the young age at death and the subsequent non-representative nature of the sample.

Results {#s0050}
=======

Sample characteristics {#s0055}
----------------------

In both the health and mortality samples, about 20% of the sample was female and three-quarters was white ([Table 1](#t0005){ref-type="table"}). The mean age in 2004 was 45.8 years, and the mean wages were about USD 45,000. About 65% were hourly workers. The mean health score was 1.18, and 6.7% of the sample died.Table 1Sample characteristics.Table 1.**VariableHealth SampleMortality Sample***N*=55,436*N*=143,775Female (%)21.824.3Race (%) White79.376.8 Black11.712.2 Hispanic6.67.7 Other2.53.2Age in 2004 (mean ± SD)45.8±11.2N/AHourly employment status (%)66.162.6Wages (mean±SD, in USD)44,635±60,64336,158±52,416Health score in 2004 (mean±SD)1.18±1.75N/ADied (%)N/A6.7[^1]

State health risk score {#s0060}
-----------------------

In Model 1, higher levels of the early life SHRS were associated with worsened health status during work life in the test set (*β*=0.13, 95%CI: 0.070, 0.19) ([Table 2](#t0010){ref-type="table"}). The magnitude of this association remained largely unchanged when controlling for possible mediating factors including employment status and work life state-of-residence (Models 2--3). Both of these adult SES factors were also associated with objective health status in each model.Table 2Association of Early Life State Health Risk Score with 2004 Objective Health Status (*N*=38,850).Table 2.**Beta Coefficient \[95% CI\]Model 1Model 2Model 3**State health risk score0.13[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.13[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.12[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[0.070, 0.19\]\[0.075, 0.18\]\[0.059, 0.17\]Female0.35[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.36[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.36[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[0.32, 0.38\]\[0.34, 0.39\]\[0.34, 0.39\]Race (ref=white) Black0.0052−0.0074−0.0083\[−0.014, 0.024\]\[−0.025, 0.010\]\[−0.027, 0.011\] Hispanic−0.033[⁎](#tbl2fnStar){ref-type="table-fn"}−0.043[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.042[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[−0.059, −0.0071\]\[−0.071, −0.015\]\[−0.065, −0.018\] Other−0.093[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.093[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.087[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[−0.13, −0.060\]\[−0.12, −0.062\]\[−0.12, −0.053\]Age−0.0076[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.0062[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.0059[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[−0.012, −0.0029\]\[−0.011, −0.0017\]\[−0.0096, −0.0023\]Age-squared0.00046[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.00045[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.00045[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[0.00041, 0.00051\]\[0.00040, 0.00050\]\[0.00041, 0.00050\]Hourly emp status0.067[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}0.065[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[0.048, 0.086\]\[0.049, 0.082\]Constant−0.91[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−0.99[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}−1.08[⁎⁎](#tbl2fnStarStar){ref-type="table-fn"}\[−1.03, −0.78\]\[−1.11, −0.87\]\[−1.24, −0.93\]Work state indicatorsNoNoYesR-squared0.370.370.38[^2][^3][^4]

State mortality risk score {#s0065}
--------------------------

In Model 1, the association between early life SMRS and mortality included the null (HR=0.96; 95%CI: 0.93, 1.00) ([Table 3](#t0015){ref-type="table"}). The HR was similar when adjusting for adult employment status (Model 2) and work state indicators (Model 3).Table 3Association of Early Life State Mortality Risk Score with Mortality (*N*=100,687).Table 3.**Hazard Ratio \[95% CI\]Model 1Model 2Model 3**State mortality risk score0.96[⁎](#tbl3fnStar){ref-type="table-fn"}0.97[⁎](#tbl3fnStar){ref-type="table-fn"}0.97\[0.93, 1.00\]\[0.93, 1.00\]\[0.93, 1.00\]Female0.73[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}0.74[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}0.76[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}\[0.67, 0.80\]\[0.68, 0.82\]\[0.69, 0.84\]Race (ref=white) Black1.22[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}1.16[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}1.13[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}\[1.12, 1.32\]\[1.08, 1.25\]\[1.06, 1.21\] Hispanic0.74[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}0.71[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}0.68[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}\[0.60, 0.91\]\[0.58, 0.87\]\[0.56, 0.82\] Other0.730.730.70[⁎](#tbl3fnStar){ref-type="table-fn"}\[0.52, 1.04\]\[0.52, 1.04\]\[0.49, 1.00\]Hourly emp status1.21[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}1.20[⁎⁎](#tbl3fnStarStar){ref-type="table-fn"}\[1.15, 1.27\]\[1.14, 1.26\]Work state indicatorsNoNoYes[^5][^6][^7]

Comparing movers and stayers {#s0070}
----------------------------

In analyses comparing movers and stayers, the association between the SHRS and health was significantly diminished for movers (Model 1) ([Table 4](#t0020){ref-type="table"}). The results were similar when controlling for employment status and work state-of-residence (Models 2--3).Table 4Association of Early Life State Health Risk Score with 2004 Objective Health Status among Movers vs. Stayers (N=38,850).Table 4.**Beta Coefficient \[95%CI\]Model 1Model 2Model 3**State health risk score0.14[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.14[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.13[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[0.076, 0.20\]\[0.080, 0.19\]\[0.072, 0.19\]Moved−0.025[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.011−0.011\[−0.041, −0.0086\]\[−0.027, 0.0044\]\[−0.026, 0.0031\]State health risk score ×Moved−0.039[⁎](#tbl4fnStar){ref-type="table-fn"}−0.035−0.036[⁎](#tbl4fnStar){ref-type="table-fn"}\[−0.077, −0.00066\]\[−0.072, 0.0022\]\[−0.071, −0.00030\]Female0.35[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.36[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.36[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[0.32, 0.38\]\[0.34, 0.39\]\[0.34, 0.39\]Race (ref=white) Black0.0053−0.0072−0.0083\[−0.014, 0.024\]\[−0.025, 0.010\]\[−0.027, 0.011\] Hispanic−0.033[⁎](#tbl4fnStar){ref-type="table-fn"}−0.043[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.042[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[−0.060, −0.0065\]\[−0.071, −0.015\]\[−0.066, −0.018\] Other−0.091[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.093[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.087[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[−0.12, −0.060\]\[−0.12, −0.062\]\[−0.12, −0.053\]Age−0.0078[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.0064[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.0064[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[−0.013, −0.0030\]\[−0.011, −0.0019\]\[−0.0100, −0.0029\]Age-squared0.00047[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.00045[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.00045[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[0.00042, 0.00052\]\[0.00041, 0.00050\]\[0.00041, 0.00050\]Hourly emp status0.066[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}0.064[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[0.047, 0.085\]\[0.048, 0.081\]Constant−0.90[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−0.98[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}−1.07[⁎⁎](#tbl4fnStarStar){ref-type="table-fn"}\[−1.03, −0.77\]\[−1.10, −0.86\]\[−1.22, −0.91\]Work state indicatorsNoNoYesR-squared0.370.370.38[^8][^9][^10]

For mortality, the results for movers and stayers were again null ([Table 5](#t0025){ref-type="table"}). This relationship was robust to the inclusion of adult SES variables including employment status and work state-of-residence (Models 2--3).Table 5Association of Early Life State Mortality Risk Score with Mortality among Movers vs. Stayers (*N*=100,687).Table 5.**Hazard Ratio \[95% CI\]Model 1Model 2Model 3**State mortality risk score0.991.000.96\[0.69, 1.43\]\[0.70, 1.44\]\[0.65, 1.40\]Moved0.971.001.02\[0.89, 1.05\]\[0.93, 1.08\]\[0.95, 1.10\]State health risk score ×Moved1.041.031.08\[0.84, 1.29\]\[0.84, 1.28\]\[0.85, 1.37\]Female0.73[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}0.74[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}0.76[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}\[0.67, 0.79\]\[0.68, 0.82\]\[0.70, 0.84\]Race (ref=white) Black1.22[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}1.16[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}1.13[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}\[1.13, 1.32\]\[1.07, 1.25\]\[1.06, 1.21\] Hispanic0.74[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}0.71[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}0.68[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}\[0.60, 0.90\]\[0.58, 0.86\]\[0.56, 0.82\] Other0.730.730.70\[0.51, 1.05\]\[0.51, 1.05\]\[0.49, 1.01\]Hourly emp status1.21[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}1.21[⁎⁎](#tbl5fnStarStar){ref-type="table-fn"}\[1.15, 1.27\]\[1.15, 1.27\]Work state indicatorsNoNoYes[^11][^12][^13]

Sensitivity analyses {#s0075}
--------------------

When stratifying Model 1 by age group, we found that the SHRS was associated with health status among the youngest age group (*β*=0.10, 95%CI: 0.043, 0.16), but that this association was less precisely estimated among older individuals ([Supplemental Table 2](#s0100){ref-type="fn"}). The R-squared values among older employees were also substantially less: 0.01 and 0.04 compared to 0.24 among the youngest employees.

In analyses including wages in the restricted sample for whom these data were available, the magnitude of the association between the SHRS and log(health) remained similar to that in the primary sample (Model 1) ([Supplemental Table 3](#s0100){ref-type="fn"}), even when controlling for wages and other potential mediating variables (Models 2--4). Wages themselves were associated with health in each model. For mortality, there was no association between the state SMRS and mortality in any model ([Supplemental Table 4](#s0100){ref-type="fn"}). In this restricted sample, subgroup analyses regressing health status on the SHRS demonstrated diminished effect sizes among movers, similar to what was observed in the larger sample ([Supplemental Table 5](#s0100){ref-type="fn"}). For mortality, wide confidence intervals precluded the ability to determine precise estimates, and there were no significant differences between movers and stayers ([Supplemental Table 6](#s0100){ref-type="fn"}). This was robust to adjustment for wages, employment status, and work state.

In analyses involving multi-level modeling, the fixed effect coefficients were not substantially different from the primary models ([Supplemental Tables 7 and 8](#s0100){ref-type="fn"}). In both health and mortality analyses, the random parameters from these models indicated that a small amount of the variance in these associations was due to between-state relative to within-state factors.

Discussion {#s0080}
==========

In this study, we demonstrate that early life state contextual factors are associated with worsened overall health status decades later among a sample of working adults in the U.S. Adjusting for potential mediating factors, including wages, employment status, and state-of-residence during adulthood, does not attenuate this relationship. A subgroup analysis suggests that early life state context is not as strongly associated with health status among movers compared to the sample overall. Meanwhile, we find no association between early life SMRS and mortality. Multi-level models suggest that a small amount of the variance in these associations is due to between-state relative to within-state factors.

These findings support the life course model of a "sensitive period" during early life, in which factors during childhood influence health in the medium term ([@bib12]). This type of model suggests that effects during this early window are long-lasting, but that the exposure during other time windows (e.g., after moving) can also influence later disease risk. This contrasts with a "critical period" model, in which *only* exposures during early windows are relevant, and later exposures are not influential ([@bib11]). In the context of this study, this implies that both stayers and movers are influenced by their early life state environment during an early window, but that those who move are also affected by later exposures in their new state-of-residence.

This study contributes to the literature on the relative importance of childhood versus adult SES in determining later life health and mortality. The size of the association between childhood contextual factors and health status is small but robust to the inclusion of variables representing adult SES, making our findings consistent with those of prior studies that found that state- or region-of-residence in childhood has a direct effect on adult chronic disease outcomes even after controlling for adult SES ([@bib520]; [@bib44]; [@bib46]). Compared to these prior studies, our use of the state health and mortality risk scores represents an innovative way to describe contextual factors during childhood using predictive modeling to construct a composite index and avoid over-fitting the models to the available data. While these models do not imply a causal association, they identify factors that are consistently related to health and internally validated. Future studies could replicate this work in other samples to provide external validation.

Several possible mechanisms may account for the relationship between early life state-of-residence and later life health. It may be that childhood state-of-residence is mediated by other adult SES factors for which we do not have complete data on the full cohort. For example, early state-of-residence may influence educational and employment opportunities, thus influencing adulthood socioeconomic circumstance, which itself affects adult health ([@bib18]). Yet some studies have found that low childhood SES is associated with adult health even when individuals are upwardly mobile throughout their lives ([@bib49]). This might suggest that childhood state-of-residence influences child health, which then goes on to impact adult health. For example, prior work has found that variations in state economic and social policies -- such as social welfare and education investments -- may lead to differences in child health outcomes ([@bib13]; [@bib35]; [@bib508], [@bib509]), which sets children on a trajectory with respect to their adult health.

Our finding that the association between childhood state-of-residence and adult health is less pronounced among older individuals may represent a dilution of the effect over time, which is also supported by the lack of an association between the SMRS and mortality. Alternately, prior work has found that the association of health with social factors such as education is different among different cohorts and subgroups ([@bib503]), such that cohort effects or differences in the composition of the sample over time may weaken the association between the predicted risk scores and mortality.

We also find that the results for health status are attenuated among movers compared to the sample overall, which may reflect a decreased exposure to early life state environment and therefore a decreased association with later life health. It may also be that those who resided in more disadvantaged environments during childhood were more likely to move, or that they possessed unique personal or family characteristics that buffered them against the effects of state disadvantage. Prior research supports the idea of selective migration ([@bib45], [@bib51]), possibly explaining these findings.

The null findings for mortality stand in contrast with prior work that has found variation in mortality rates according to state and county characteristics ([@bib500]; [@bib38]). These previous studies, however, examined the relationship between mortality and place-of-residence at time of death, while our study employs state-of-residence during childhood. It may be that early life state characteristics have a small effect on mortality many decades later that cannot be detected even in a sample of this size. Yet prior research has found associations between place-of-birth and cause-specific mortality, including death from cardiovascular disease, dementia, atrial fibrillation, and prostate cancer ([@bib22], [@bib31], [@bib32], [@bib33], [@bib53]). It may be that place-of-birth influences the type of illness to which an individual eventually succumbs, but not mortality more generally. For example, prior work has shown that area-of-residence is associated with rates of smoking and cervical cancer screening ([@bib21], [@bib23]). These mediating factors may influence the distribution of causes of death in a given region, but not the overall mortality rates. Finally, we note that the specific state-level socioeconomic factors are associated with mortality in the training set ([Supplemental Table 1](#s0100){ref-type="fn"}); a strength of our approach is the process of internal validation, which suggests that narrow confidence intervals do not reflect the stability and replicability of the estimates even in a similar sample. In other words, we conclude that early life state characteristics are not as predictive of mortality as they are of later life health.

Strengths and limitations {#s0085}
-------------------------

This study has several strengths. First, the data set includes linked individual- and state-level variables among a sample of almost 150,000 individuals, with decades of follow-up across several life stages. Few such data sources are available in the U.S., making this a unique opportunity to contribute to the literature on life course epidemiology. The richness of these data enhances our ability to adjust for the potential mediating pathways between childhood SES and adult health. Also, we use objective measures of health that are less likely to suffer from reporting bias compared to self-reported measures collected in surveys.

There are several limitations to this work. First, although the sample is diverse, it is not nationally representative, and external validity is therefore limited. Second, some researchers may be more interested in the use of more granular geographic regions than state. For example, prior studies have examined the impact on health of residence in a particular county or census tract ([@bib59], [@bib60]). Even so, states remain a subject of interest for many, particularly as they are considered "laboratories" for policymaking in the U.S. ([@bib16]). There may also be measurement error in our strategy to identify early life state-of-residence using SSNs, in that we are not able to precisely identify the year in which an individual׳s Social Security card was issued, and how much of early life was spent in this state; this potential misclassification is likely to bias our results to the null. Also, despite the longitudinal nature of the data, this is an observational study, curtailing the ability to make causal inferences. Namely, it may be that early life state-of-residence is endogenous, such that those whose families are more socioeconomically disadvantaged or less healthy are more likely to reside in a more disadvantaged state. While endogeneity is likely to produce more bias when examining neighborhood- or county-of-residence (rather than state), the results should nevertheless be interpreted with caution. Finally, the objective measure of health status we employed was not designed explicitly for the purpose of capturing overall health status. Yet while it was initially created to predict healthcare utilization behavior, it has nevertheless been increasingly employed for purposes similar to our own ([@bib9], [@bib26], [@bib48], [@bib54]).

Conclusions {#s0090}
===========

In this study, we find that early life state contextual factors are associated with health status later in life in the overall sample, but not with mortality. We find that this association is robust to the inclusion of adult measures of SES, suggesting the long-lasting effects of place on health. This study adds to the body of evidence supporting a life course perspective in social epidemiology, and in particular to the idea of "sensitive periods" in early life that have enduring impacts on health. It adds to the literature examining populations in the U.S., where large linked data sets are less frequently available.

Data sharing {#s0095}
============

As an alternative to providing a de-identified data set to the public domain, we allow access for the purpose of re-analyses or appropriate follow-up analyses by any qualified investigator willing to sign a contractual covenant with the investigators' host institution limiting use of data to a specific agreed upon purpose and observing the same restrictions as are limited in the investigators' contract with Alcoa, such as 60-day manuscript review for compliance purposes.
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[^1]: *Note*: Sample includes employees at Alcoa for whom we have administrative data and information on early life state-of-residence. Wages for health sample are from 2004. Wages for mortality sample are average wages during employee׳s tenure at Alcoa during 2002--2012. Wages were available for a restricted subset of the health sample (*N*=48,380) and mortality sample (*N*=93,646).

[^2]: Sample includes employees at Alcoa for whom administrative and claims data were available in 2004. Analyses were carried out on the 70% test subset of the sample using multivariate linear regression, with robust standard errors clustered by early life state-of-residence. State health risk score was constructed using a 30% training subset of the larger sample using standardized measures of early life state unemployment, median income, percentage with less than a high school education, percent urban, percent white, and Gini coefficient. Health status was calculated from claims data using a third-party algorithm.

[^3]: *P*\<0.05.

[^4]: *P*\<0.01.

[^5]: Sample includes employees at Alcoa for whom we have administrative data. Analyses were carried out on the 70% test subset of the sample using Cox proportional hazards models, with robust standard errors clustered by early life state-of-residence. Additional controls included 10-year birth cohort. State mortality risk score was constructed using a 30% training subset of the larger sample using standardized measures of early life state unemployment, median income, percentage with less than a high school education, percent urban, percent white, and Gini coefficient.

[^6]: *P*\<0.05.

[^7]: *P*\<0.01.

[^8]: Sample includes employees at Alcoa for whom administrative and claims data were available in 2004. Movers are those whose early life and work life states-of-residence differed. Analyses were carried out on the 70% test subset of the sample using multivariate linear regression, with robust standard errors clustered by early life state-of-residence. State health risk score was constructed using a 30% training subset of the larger sample using standardized measures of early life state unemployment, median income, percentage with less than a high school education, percent urban, percent white, and Gini coefficient. Health status was calculated from claims data using a third-party algorithm.

[^9]: *P*\<0.05.

[^10]: *P*\<0.01.

[^11]: Sample includes employees at Alcoa for whom we have administrative data. Movers are those whose early life and work life states-of-residence differed. Analyses were carried out on the 70% test subset of the sample using Cox proportional hazards models, with robust standard errors clustered by early life state-of-residence. Additional controls included 10-year birth cohort. State mortality risk score was constructed using a 30% training subset of the larger sample using standardized measures of early life state unemployment, median income, percentage with less than a high school education, percent urban, percent white, and Gini coefficient.

[^12]: ^⁎^*P*\<0.05.

[^13]: *P*\<0.01.
